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Abstract: The evolution of modern power distribution systems into smart grids requires the
development of dedicated state estimation (SE) algorithms for real-time identification of the overall
system state variables. This paper proposes a strategy to evaluate the minimum number and best
position of power injection meters in radial distribution systems for SE purposes. Measurement points
are identified with the aim of reducing uncertainty in branch power flow estimations. An incremental
heuristic meter placement (IHMP) approach is proposed to select the locations and total number of
power measurements. The meter placement procedure was implemented for a backward/forward
load flow algorithm proposed by the authors, which allows the evaluation of medium-voltage power
flows starting from low-voltage load measurements. This allows the reduction of the overall costs of
measurement equipment and setup. The IHMP method was tested in the real 25-bus medium-voltage
(MV) radial distribution network of the Island of Ustica (Mediterranean Sea). The proposed method
is useful both for finding the best measurement configuration in a new distribution network and also
for implementing an incremental enhancement of an existing measurement configuration, reaching
a good tradeoff between instrumentation costs and measurement uncertainty.
Keywords: optimal meter placement; smart grid; load flow analysis; Monte Carlo methods
1. Introduction
Modern power distribution grids are undergoing fundamental changes to their structure, thanks to
the integration of distributed generators (DGs) and energy storages (DESs) from renewable energy
sources, as well as the development of suitable communication systems and smart metering devices
and infrastructures, all fostered by the political support of various countries and related standard
requirements [1–7]. The transformation of traditional passive distribution networks into active grids
(with bi-directional power flows and dynamic changes in grid operating conditions) requires the
development of dedicated state estimation (SE) algorithms for real-time identification of the overall
system state variables.
Traditionally, SE techniques make use of few actual measurements of medium-voltage (MV) branch
voltages or current/power flows for collecting the input data of SE algorithms. The determination
of the best possible combination of meters for distribution system monitoring is referred to as the
optimal meter placement (MP) [8–14]. For the measurement of the SE input data, different kinds of
measurement equipment can be used, i.e., phasor measurement units (PMUs), smart meters (SMs),
power quality analyzers (PQAs) and so on, with different accuracy features and costs [15,16]. Missing
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data are integrated with pseudo-measurements, exploiting historical information or an a priori estimate
of the relative power magnitude of each load [17–20]. Since pseudo-measurements are load estimates
with high variance, the quality of the estimated state variables is dependent on the number of
pseudo-measurements. If the SE errors are too high and do not ensure a reliable network control,
additional real measurements are required. To this end, distribution system operators (DSOs) are
required to choose the proper location, type and number of voltage or power measurements in the
distribution network, in order to ensure suitable SE accuracy [21,22].
In theory, whenever an existing state estimator is upgraded or a new one is implemented, the best
solution would be the redesign of the MP scheme for the whole network. However, in practical cases
where an energy management system (EMS) and related measurement infrastructure are already
implemented, this procedure is unfeasible (for economic reasons), and a reasonable solution is
to implement an incremental enhancement of the existing measurement configuration. From this
viewpoint, DSOs may be more interested in knowing how to improve their existing measurement
infrastructure rather than in re-designing a new one. For this purpose, a meter placement method able
to determine the proper locations of power measurements (PMs) can be very useful.
In this context, this paper proposes an IHMP method for placing PMs in radial distribution
systems, for SE purposes. The proposed method focuses on branch power flows and uses a heuristic
approach to select potential points for the location of bus PMs. The measurement points are identified
with the aim of reducing uncertainty in branch power flow estimations, calculated using a Monte
Carlo approach applied to a backward/forward (B/F) algorithm. Even though the technique does not
explicitly optimize any objective function, the concept of an incremental approach is helpful in many
practical situations. In particular, this technique is suitable in those cases where an EMS is already
implemented and an enhancement of the measurement configuration is required.
The IHMP procedure was implemented and tested for a B/F load flow algorithm proposed by
the authors, which allows the evaluation of MV power flows starting from low-voltage (LV) load
measurements [23]. The integration of the proposed IHMP method with this load flow solution allows
for an improvement in power flow estimation accuracy to be obtained, with limited costs for additional
PMs. In fact, the proposed solution can be developed by using a low-cost measurement infrastructure
that exploits PMs at LV level instead of those at MV level (as typically used in many literature MP
and SE solutions). The IHMP method was tested in a real 25-bus MV radial distribution network.
To validate the IHMP method’s effectiveness, it is compared to that used in [24]; differently from [24],
where the MP strategy was developed to minimize the uncertainty in power flow estimations at MV
slack bus, the IHMP method aims at reducing the mean value of uncertainty in all MV branches by
properly adding new PMs to existing ones. The obtained results show that the IHMP approach allows
a significant reduction of uncertainties in most of the MV branches. Thus, the new contribution of
this paper is the combined use of a recursive technique for meter placement based on uncertainty
analysis and a new measurement approach for medium-voltage power flows starting from low-voltage
load measurements. In this way, a good tradeoff between low cost and accuracy is reached, both
when choosing a measurement configuration for a new distribution network and when implementing
an incremental enhancement of an already existing measurement configuration. In fact, the LV
measurement approach for MV power flow evaluation allows a reduction in cost because PMs are
installed at the low-voltage side of the power transformer, while the IHMP technique allows suitable
PM placement in order to obtain the target estimation accuracy. The proposed technique has the
further positive feature of being based on a recursive procedure, using the Monte Carlo approach
applied to the B/F load flow algorithm, which is itself also a recursive algorithm. With respect to
more complicated algorithms based on genetic algorithms (GA) or particle swarm optimization (PSO),
in fact, recursive algorithms have the great advantage of also being implementable in software with
limited available libraries, such as those of Scada control centers.
The paper is organized as follows: Section 2 provides a state-of-the art overview of measurement
systems and MP techniques for distribution grids. The IHMP method is described in Section 3, where
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a flow chart of the proposed algorithm is also provided. Section 4 presents the test results, which
were obtained under the real test conditions of the MV radial distribution network of the Island of
Ustica (where the measurement infrastructure for LV load power collection was implemented). Finally,
Section 5 reports the conclusions of the work.
2. Meter Placement Techniques and Measurement Systems for Distribution Grids
Optimal meter placement is a topic of current research interest due to the large extension of
distribution grids over the territory and the potential economic impact of smart grid applications and
related needs for measurement infrastructures. Thus, several works can be found in the literature
approaching the problem of determining the best MP configuration for a given power network.
The problem has been addressed in literature, proposing different specific targets including system
observability, installation/maintenance cost minimization, poor data detection capability, and SE
accuracy [8–11]. To solve the issue, different optimization algorithms have been proposed, such as
genetic algorithms (GA), particle swarm optimization (PSO) or heuristic techniques. As an example,
in [12], a heuristic technique is proposed that identifies nodes in which to place a given number of
voltage measurements, by reducing the standard deviation of voltages at nodes where measurements
are not available. The main focus of [13], instead, is on reducing the uncertainties in specific critical
points of the network, thus applying an incremental method to obtain the desired accuracy. In [14]
the authors propose a two-stage PMU placement method: the first one is required to make the power
system topologically observable, and the second one is proposed to check if the resulted placement
leads to a full ranked measurement Jacobian. In [15], the attention is focused on current and power
flow measurements and their impacts on branch current estimation accuracy. Further MP approaches
are surveyed in [21,22].
As a general consideration, most of these studies are focused on the use of two types of measurements,
i.e., bus voltage magnitude measurements and branch power flow measurements. The suggested
measurement instruments are PMUs installed in MV nodes or power meters installed in MV branches.
As regards this, it is known that the use of a high number of PMUs is not economically reasonable,
even if such meters can allow the obtainment of higher accuracies. Thus, a common issue of most
proposed methods is to achieve the goal of minimizing the total cost of the metering infrastructure on
one hand and maximizing the estimation accuracy on the other. Typically, these two features conflict
with each other: to obtain the lowest uncertainties at a measurement point, the best solution would
be to use high-accuracy measurement instruments (typically PMUs) installed at MV level, thus coping
with the costs of measurement instruments, MV transducers, and related installation costs. Thus, many
distributed measurement system solutions proposed for MV power grids usually involve few MV
metering points, whose information is integrated with that obtained by estimation algorithms [17–20].
This allows the reduction of total costs, but entails some drawbacks especially in terms of accuracy in the
estimated quantities and also algorithm complexity.
In literature, some alternative solutions have been developed with the aim of reducing the total
measurement infrastructure costs. For example, in [16], in order to find a good tradeoff between
measurement equipment costs and SE accuracy, a hybrid solution is proposed based on the use of
different kinds of meters. In [25], the use of LV smart meter measurements is also considered, in order to
save the costs of additional MV measurement system installation. This approach is based on the
assumption that real-time measurements of voltage and power are available in smart meters. On the
other hand, this could be possible in a future generation of smart meters and related communication
infrastructures, while already installed smart meters, used for billing purposes in many countries,
typically provide only average measurements (usually over 15 min), which are collected with low
updating frequency (usually once a day).
The authors also faced the issue of reducing the measurement infrastructure costs proposed
in [23], a new measurement approach to perform load flow analysis in an MV network. The proposed
distributed measurement system infrastructure is schematically represented in Figure 1.
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Figure 1. Measurement system architecture for medium-voltage (MV) network monitoring based on
both MV and low-voltage (LV) load power measurements.
The proposed solution entails the use of PMs in both primary and secondary substations.
In a primary substation, the PM measures the voltage of the slack bus and the total power drained by
the MV feeder. Meanwhile, in the case of DSO and MV users, PMs measure the total load drained by
the substation. In the case of primary and MV user substations, PMs are installed at MV level, using
MV voltage and current transducers, (VT and CT, respectively). Meanwhile, in the case of a DSO’s
secondary substations, PMs are installed at LV level by using only LV current transducers. In this way,
a reduction in installation costs is obtained because no MV transducers or related MV switchboard
modifications are needed; moreover, current transducers for LV are less expensive than those for MV,
and only a small number of customers would suffer an energy break, i.e., only those supplied by
the secondary substation where the PM is installed, thus reducing the related DSO economic losses.
Furthermore, PMs can also be already available in many secondary substations because they are
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usually installed by DSOs to discover eventual energy theft in LV networks. A backward/forward
(B/F) algorithm is used to obtain the load flow in the MV network starting from these measurements.
The algorithm takes into account the MV/LV power transformer losses, calculated starting from
the measured load power and the power transformer rated data (i.e., short circuit and open circuit
losses) [23]. Moreover, the algorithm also considers the line losses and voltage drops calculated starting
from the rated data of MV lines. The load flow algorithm is implemented in the DSO control center.
To collect the field measurement data, communication must be ensured between the DSO control
center and the measurement points. In literature, different solutions are suggested to support smart
grid applications, such as wireless, power line communications (PLC) or hybrid solutions, which can
be also combined in an Internet of Things (IoT) platform [26–33]. On the other hand, currently, in MV
networks DSOs deploy communication infrastructures only for automatic meter reading (AMR) and
MV grid protection and supply restoration. The AMR server is usually installed in the DSO control
center; it queries, via GSM (Global System for Mobile communications) or GPRS (General Packet Radio
Service), the AMR concentrators of secondary substations. These AMR concentrators communicate via
power line communications (PLC) to LV user smart meters. A supervisory system is also installed in
the DSO control center for MV grid protection; it can control MV motorized switches, via GSM or GPRS,
for fault isolation, protection or supply restoration purposes. In this framework, the idea of installing
PMs at secondary substations perfectly fits with the described communication infrastructures, which
can guarantee the real-time availability of measured data. In fact, PMs could be connected to the same
communication system of AMR and MV networks and supply restoration systems, i.e., using installed
GSM or GPRS systems. Moreover, this measurement infrastructure is also in line with the future
implementation of faster communication links based on optic fibers, 5G or other wireless infrastructure.
A similar solution is also adopted in the case study of the Ustica network, where a HiperLAN network
was installed to connect the control center to the PMs of each secondary substation. More details on
the infrastructure installed in the Ustica MV/LV network can be found in [4].
In light of the aforesaid considerations, the IHMP technique described in the next section,
in conjunction with the abovementioned measurements and communication approach, can help to
improve measurement uncertainty by suitably placing additional PMs in an existing measurement
infrastructure, without entailing a high increase in the cost of measurement equipment. In fact, instead of
using measurements at an MV level of voltage or current/power flow, the proposed measurement system
suggests adding load power meters at the LV side of secondary substations, and the IHMP strategy
allows the determination of where to locate these additional meters in order to guarantee the target
uncertainty in estimated power flows all over the network.
3. Proposed Incremental Placement Technique
The purpose of the proposed IHMP technique is to determine the best location for PMs, exploiting
a heuristic approach. Compared to the methods proposed in literature, the proposed approach is
focused on branch power flows rather than nodal voltages. The measurement points are identified with
the aim of reducing uncertainty in branch power flow estimations all over the network. The technique
assumes that PMs are only located in certain nodes. In the remaining MV nodes, the load powers are
estimated as pseudo-measurements. For sake of clarity, the method is firstly explained in a simple
radial feeder, as shown in Figure 2. Meanwhile, its effectiveness in a real network application is shown
in the next section.
The meter placement method starts by locating only one PM at the generic node i, whereas for
the remaining MV nodes, pseudo-measurements are assumed. The uncertainties in all the branch
power flows are obtained by applying a Monte Carlo procedure [34]: the load flow calculations are
repeated 10,000 times, randomly changing the load powers at each node inside their Gaussian uncertainty
distribution. In the nodes with PMs, the standard deviation of the distributions is that of the measurement
instrument and the related transducers; meanwhile, in the nodes where pseudo-measurements are used,
it is that of the estimation algorithm. At the end of the Monte Carlo procedure, the standard deviation
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of each branch power flow (σj) is estimated. By considering a cover factor of 3, which corresponds to
a confidence level of 99.73%, the expanded uncertainty of the branch power flows can be obtained as:
U j = 3σ j j = 1, 2 . . . ,N (1)
where N is the total number of branches of the feeder.
Energies 2019, 12, x FOR PEER REVIEW 6 of 18 
 
 
Figure 2. Simple radial feeder. 
The meter placement method starts by locating only one PM at the generic node i, whereas for 
the remaining MV nodes, pseudo-measurements are assumed. The uncertainties in all the branch 
power flows are obtained by applying a Monte Carlo procedure [34]: the load flow calculations are 
repeated 10,000 times, randomly changing the load powers at each node inside their Gaussian 
uncertainty distribution. In the nodes with PMs, the standard deviation of the distributions is that of 
the measurement instrument and the related transducers; meanwhile, in the nodes where pseudo-
measurements are used, it is that of the estimation algorithm. At the end of the Monte Carlo 
procedure, the standard deviation of each branch power flow (σj) is estimated. By considering a cover 
factor of 3, which corresponds to a confidence level of 99.73%, the expanded uncertainty of the branch 
power flows can be obtained as: 
𝑈𝑈𝑗𝑗 = 3𝜎𝜎𝑗𝑗     𝑗𝑗 = 1,2 … ,𝑁𝑁 (1) 
where N is the total number of branches of the feeder. 
In order to assess to what extent branch power flow uncertainties vary when different locations 
of PMs are considered, the following index, Fi (named the sensitivity index), is introduced: 
𝐹𝐹𝑖𝑖 = ��𝑈𝑈𝑗𝑗2𝑁𝑁
𝑗𝑗=1
 (2) 
where variable i indicates the node where the meter is positioned, while variable j indicates the 
branch of the network. Starting from a given PM configuration (in terms of number and location of 
PMs), the sensitivity index Fi gives an indication of the branch power flow uncertainties all over the 
network when an additional meter is located at the node i. Changing the node where the additional 
meter is placed, a different value of the index is obtained. Thus, the index allows the evaluation of 
the location of the meter that provides the lowest value of overall uncertainty. 
A recursive procedure is then performed, by moving the meter in all the MV nodes, to identify 
the best position to locate the PM, i.e., the position that minimizes the sensitivity index, Fi. Once the 
first meter is placed, it is no longer moved. The algorithm continues looking for the position of a 
further meter. The sensitivity indexes are thus recalculated in the presence of the two meters: the first 
one is maintained fixed at the selected best location, and the second one is moved to the remaining 
nodes. At the end of the iteration procedure, the second meter is definitively located at the MV node 
that minimizes the sensitivity index. The procedure is thus repeated, locating other meters until an 
adequate accuracy level is achieved in all the branch power flows, i.e., when their uncertainties fall 
below a prefixed threshold. A flowchart of the proposed placement algorithm is shown in Figure 3. 
Firstly, a meter is added at node 1, whereas pseudo-measurements are assumed at the remaining MV 
nodes. The Monte Carlo procedure is applied to the load flow algorithm to evaluate the uncertainty 
of all branch power flows and thus to calculate the sensitivity index according to (2). This index is 
stored in memory. Then, the meter is removed from node 1 and relocated to node 2, and the Monte 
Carlo procedure is repeated to obtain the sensitivity index in this second case. This procedure is 
repeated iteratively, removing the meter from node i and moving it to the following node i+1, until 
the end of the line is reached. The memorized sensitivity indexes are then compared, and the meter 
is definitively located in the node correspondent to the minimum sensitivity index. This procedure is 
 
 
 
 
 
 
 
N i 2 1 
PM Pseudo 
measurement 
Pseudo 
measurement 
Pseudo 
measurement 
σN σi σ2 σ1 
PN Pi P2 P1 Voltage 
measurement 
Slack bus 
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In order to assess to what extent branch power flow uncertainties vary when different locations of
PMs are considered, the following index, Fi (named the sensitivity index), is introduced:
Fi =
√√ N∑
j=1
U2j (2)
where variable i indicates the node where the meter is positioned, while variable j indicates the branch
of the network. Starting from a given PM configuration (in terms of number and location of PMs),
the sensitivity index Fi gives an indication of the branch power flow uncertainties all over the network
when an additional meter is located at the node i. Changing the node where the additional meter is
placed, a different value of the index is obtained. Thus the index allows the evaluation of the location
of the meter that provides the lowest value of overall uncertainty.
A recursive procedure is then performed, by moving the meter in all the MV nodes, to identify the
best position to locate the PM, i.e., the position that minimizes the sensitivity index, Fi. Once the first
meter is placed, it is no longer moved. The algorithm continues looking for the position of a further meter.
The sensitivity indexes are thus recalculated in the presence of the two meters: the first one is maintained
fixed at the selected best location, and the second one is moved to the remaining nodes. At the end
of the iteration procedure, the second meter is definitively located at the MV node that minimizes the
sensitivity index. The procedure is thus repeated, locating other meters until an adequate accuracy level
is achieved in all the branch power flows, i.e., when their uncertainties fall below a prefixed threshold.
A flowchart of the proposed placement algorithm is shown in Figure 3. Firstly, a meter is added at node 1,
whereas pseudo-measurements are assumed at the remaining MV nodes. The Monte Carlo procedure
is applied to the load flow algorithm to evaluate the uncertainty of all branch power flows and thus
to calculate the sensitivity index according to (2). This index is stored in memory. Then, the meter is
removed from node 1 and r locat d to n de 2, and the Monte Carlo procedure is repeated to obtain the
sensitivi y index in this s cond case This rocedure is repeated iteratively, removing the meter from
node i and moving it to the fo lowing node i+1, until the end of th line is reached. The memorized
sensi ivity indexes ar then compared, nd the meter is d finitively located in t node cor espondent to
the mini um sensitivity index. This proc dure is again repeated, ad ing further meters and findi the
best position in terms of the minimum sensitivity index at each iteration. The procedure is stopped when
the power flow uncertainties are found to be below a chosen threshold in all the branches.
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4. Real Case Study Network and Simulation Results
The proposed meter placement algorithm was implemented and tested in the 25-bus MV radial
distribution network of the Island of Ustica. The circuit diagram of the Ustica MV network is shown
in Figure 4. The MV distribution network is composed of two radial feeders departing from a diesel
power plant. The upper feeder, named Vittorio Emanuele feeder, supplies 13 secondary substations;
the lower feeder, named AUSL feeder, supplies 11 substations. In the figure, for each MV branch
(indicated with capital letters), the type (cable or overhead), the conductor core section and the total
length are reported.
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The B/F load flow algorithm was implemented for the Ustica MV network. The MV bus-bars of
the diesel power plant were chosen as slack bus for the load flow algorithm. The algorithm receives
the following data as input variables:
- the load powers measured by the PMs;
- the load power estimations, derived from pseudo-measurements;
- the voltage at the slack bus;
- the line characteristics and the MV/LV power transformer parameters.
The B/F lo d flow algo ithm is based on a recursiv procedure: starting from the measured load
powers, the algorithm iteratively updates branch power flows and node voltages using backward
and forward sweeps on the network, respectively. The iterations are repeated until the convergence
condition is found at slack bus, i.e., the difference between the calculated and measured voltages at
the slack bus is below a certain threshold. This threshold was fixed according to the accuracy of the
installed measurement system. More details on the B/F load flow algorithm can be found in [23].
In the bus where PMs are located, the load power measurements are affected by the uncertainty of
the measurement system.
In MV users’ secondary substations, the PM is usually installed at the MV side of power
transformers, for billing purposes. In this case, the uncertainty of the PM is a composition of the PM
and the related MV voltage and current transducer uncertainty, and thus it can be expressed as [18]:
uPM_MV =
√
η2CT + (100 tanθ sin CT)
2 + η2VT + (100 tanθ sin VT)
2 + E2P−PM√
3
(3)
where θ is phase shift between voltage and current, EP−PM is th PM uncertainty i active power
mea urement, ηCT an ηVT are the ratio errors, and CT and VT are the phase displacements f the
current and voltage tra sducers, respectively.
On the other hand, as explained in Section 2, in the DSO’s secondary substation, the PM is installed
at the LV side of power transformers. In this case, the PM uncertainty can be obtained from (3) without
considering the terms related to VT errors.
To validate the proposed IHMP method, in the simulation study it was compared to that used
in [24], showing how the new approach allows the reduction of uncertainties obtained in most of the
branches. To perform the aforesaid comparison, the same reference load condition was used, which
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corresponds to the load power injection values shown in Table 1. This load condition is representative
of the highest power flows measured in the summer period. In Table 1, the uncertainties are also
reported for each node. They were calculated assuming 0.5 class instruments and transducers and also
considering that CT errors are dependent on the current values and phase shift. In more detail, it is
known that CT errors depend on the load currents. For example, for 0.5 class CTs, standard [35] fixes the
maximum allowable ratio error ηCT% = ±0.5% and maximum phase displacement εCT = ±0.9 crad at
rated current. For current equal to 20% of the rated current, such error limits increase to ηCT% = ±0.75%
and εCT = ±1.35 crad. When currents are between 20% and 100% of the rated values, error limits are the
linear interpolation between the two aforesaid limits. Thus, starting from the measured current and the
rated value of the CT installed in each node, ηCT% and CT are obtained and then PM uncertainties are
calculated by using (3). More details on this procedure are reported in [36,37]. In the node without PM,
a pseudo-measurement with an uncertainty of 100% is assumed in analogy of [24].
Table 1. Summer reference load condition.
Vittorio Emanuele feeder AUSL feeder
Node P [kW] uPM [kW] Node P [kW] uPM [kW]
1 8.964 0.15 1’ 16.00 0.30
2 10.04 0.24 2’ 116.0 1.33
3 38.52 0.44 3’ 10.60 0.12
4 43.08 0.48 4’ 29.28 0.34
5 56.00 0.61 5’ 11.52 0.24
6 45.44 0.65 6’ 21.76 0.51
7 249.6 2.94 7’ 44.48 0.63
8 39.04 0.61 8’ 124.5 1.40
9 (a) 0 9’ 17.00 0.39
10 81.60 1.40 10’ (b) -
11 (b) - 11’ 1.888 0.04
12 8.328 0.18 12’ 55.68 0.81
13 51.00 0.42
14 5.788 0.12
(a) No low-voltage (LV) loads are connected to substation 9. (b) Nodes 11 and 10’ correspond to the slack bus.
Tables 2 and 3 show the values of the sensitivity indexes when the PM is moved between nodes,
for the Vittorio Emanuele and the AUSL feeders, respectively. The sensitivity indexes refer to the total
power of the feeder, which is 650.0 kW for the Vittorio Emanuele and 461.0 kW for the AUSL feeder. Table 2
shows that for the Vittorio Emanuele feeder, the sensitivity index has the lowest value when the first PM is
located at node 7 (Fi% = 46.3%), the second PM at node 13 (Fi% = 40.5%), and so on (see values marked in
bold). As regards the AUSL feeder, Table 3 shows that the first PM should be located at node 2’, where the
sensitivity index is 54.4%, the second at node 8’, and so on (see values marked in bold).
Table 2. Sensitivity index as a percentage of the total power of the Vittorio Emanuele feeder when the
power measurements (PMs) are moved between nodes.
Number of
PMs
Node
1 2 3 4 5 6 7 8 9 10 12 13 14
1 90.6 92.1 87.1 90.5 90.8 89.4 46.3 89.7 90.5 91.6 89.4 88.3 94.3
2 49.4 47.5 45.0 43.9 42.4 45.1 DL(a) 46.8 47.7 45.2 47.7 40.5 47.8
3 40.1 40.1 36.8 35.7 34.1 38.3 DL 38.7 40.3 38.7 40.2 DL 40.1
4 34.2 35.0 30.8 29.3 DL 32.0 DL 33.4 34.5 31.4 33.8 DL 34.3
5 29.4 29.4 23.7 DL DL 24.6 DL 27.8 29.8 26.6 30.1 DL 29.7
6 24.8 24.2 DL DL DL 18.0 DL 21.7 24.0 20.4 24.7 DL 24.4
7 17.7 18.3 DL DL DL DL DL 15.1 18.3 13.6 17.2 DL 17.7
8 12.8 12.8 DL DL DL DL DL 8.2 13.5 DL 12.4 DL 13.3
(a) DL means that a PM is definitively located at the corresponding node, thus the sensitivity index is no
longer calculated.
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Table 3. Sensitivity index as a percentage of the total power of the AUSL feeder when the PMs are
moved between nodes.
Number of
PMs
Node
1’ 2’ 3’ 4’ 5’ 6’ 7’ 8’ 9’ 11’ 12’
1 91.9 54.4 94.1 93.3 91.2 92.2 91.6 85.4 92.6 93.1 87.4
2 53.8 DL (a) 55.0 51.8 53.7 54.4 51.4 39.7 54.4 56.5 49.3
3 37.1 DL 38.1 34.7 38.3 36.8 34.1 DL 36.1 37.8 28.8
4 27.2 DL 28.5 24.0 28.0 27.8 24.4 DL 29.8 29.9 DL
5 22.3 DL 23.5 DL 24.3 22.5 17.1 DL 23.9 24.3 DL
6 13.4 DL 15.9 DL 16.2 14.3 DL DL 17.0 18.1 DL
7 DL DL 12.1 DL 12.5 9.7 DL DL 12.9 13.6 DL
8 DL DL 7.4 DL 7.7 DL DL DL 8.8 9.7 DL
(a) DL means that a PM is definitively located in the node, thus the sensitivity index is no longer calculated.
The uncertainties in the branch power flow estimations are shown in Figures 5 and 6 for the
Vittorio Emanuele and AUSL feeders, respectively. The uncertainties are expressed as a percentage of
the total power of the feeder. Each uncertainty curve corresponds to a given number and position of
PMs. These PMs were located, one by one, in the MV nodes that ensure the minimum value of the
sensitivity index. The graphs show that power flow uncertainties lower than 10% (desired accuracy
level) can be obtained in all the branches by positioning PMs at only half of the nodes of each feeder.
Further simulations were performed to compare the branch power flow uncertainties obtained
with the proposed method with those obtained by using the approach of [24]. The uncertainties
obtained with the two methods are compared in Figures 7 and 8, in the case of seven PMs installed for
each feeder. As can be seen, the power flux uncertainties obtained with the two methods are different.
This is due to the different node selection for meter installations, which for the Vittorio Emanuele feeder
is nodes 7, 13, 5, 4, 3, 6, and 10 for the proposed method and nodes 7, 10, 6, 8, 5, 4, and 3 for the second
method, and for the AUSL feeder is nodes 2’, 8’, 12’, 4’, 7’, 1’, and 6’ for the proposed method and 8’, 2’,
12’, 7’, 6’, 9’, and 4’ for the second method. It should be noted that the two methods produce a different
selection in both the chosen nodes and their order. With the proposed method, the medium value of
uncertainty is lower than in the second method. On the other hand, the second method is optimized at
the beginning of the feeder, thus a lower uncertainty is obtained in those branches. It should be noted
that a very low difference is obtained at the beginning of the feeder with the second method, while a
more significant reduction is obtained in the other branches with the proposed method.
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Using the same PM configuration, the branch power flow uncertainties were evaluated in a further
load condition, registered on 1 November at 12:30 (see Table 4). This load condition was chosen since it
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is representative of the lowest power flows observed in the Ustica MV network (in the winter period).
The obtained uncertainties are shown in Figures 9 and 10. They are compared to those obtained in the
summer load condition. As can be seen, the power flow uncertainty is lower than the desired accuracy
level in all the branches, meaning that the proposed meter placement procedure ensures an adequate
power flow uncertainty level for different load conditions.
Table 4. Winter reference load condition.
Node Vittorio Emanuele Feeder P [kW] Node AUSL Feeder P [kW]
1 0.80 1’ 5.00
2 1.10 2’ (a) 0.00
3 17.80 3’ 2.90
4 17.30 4’ 7.60
5 8.40 5’ 3.90
6 16.20 6’ 5.20
7 52.10 7’ 7.10
8 5.60 8’ 48.50
9 (a) 0.00 9’ 10.50
10 56.80 10’ (b) 0
11 (b) 0 11’ (a) 0.00
12 5.20 12’ 45.50
13 42.00
14 3.10
(a) No LV loads are connected to substations 9, 2’ and 11’ in winter. (b) Nodes 11 and 10’ correspond to the slack bus.Energies 2019, 12, x FOR PEER REVIEW 13 of 18 
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5. Discussion
The proposed method, minimizing the sensitivity index, allows there to be a minimal mean value
of uncertainty all over the network. To verify that the obtained solutions are optimal, some further tests
were performed to investigate if, starting from a given configuration (which ensures an uncertainty
value lower than the desired threshold), one of the placed meters could be removed and still have
the condition satisfied. For example in the following, the results related to one of the test cases of the
Vittorio Emanuele feeder are presented, i.e., the metering condition of the seventh iteration, which
allowed the satisfaction of the 10% threshold in all the branches. Starting from this metering condition,
a meter was removed from one of the seven nodes and the Monte Carlo procedure was performed
again to calculate the power flow uncertainties and the sensitivity index. This was done for all seven
nodes. The branch power flow uncertainties obtained in these tests are shown in Figure 11. As can be
seen, none of the selected cases with six meters satisfy the 10% condition, thus confirming the need
for a seventh meter as requested by the proposed method. Moreover, the indexes found for each
removed node are reported in Table 5. As can be seen, none of the tested cases allows the obtainment
of a sensitivity index lower than that found with the proposed solution at the sixth iteration, thus
confirming the optimality of the solution.Energies 2019, 12, x FOR PEER REVIEW 14 of 18 
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Table 5. Sensitivity index when one PM is removed from the seven-meter optimal condition found for
the Vittor o Emanuele feeder.
Nodes with Meters Node Removed Fi Index
7, 13, 5, 4, 3, 6, 10
Optimal seventh iteration None 13.6%
13, 5, 4, 3, 6, 10 7 68.4%
7, 5, 4, 3, 6, 10 13 25.7%
7 13, 4 3, 6, 10 5 23.8%
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7, 13, 5, 4, 6, 10 3 20.2%
7, 13, 5, 4, 3, 10 6 19.6%
7, 13, 5, 4, 3, 6
Optimal seventh iteration 10 18.0%
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A further test was performed to verify the optimality of the proposed solution. Performing an
extra iteration of the method (the eighth), a further meter would be added to node 8, as demonstrated
by Table 2. Thus, the further tests consisted in adding the meter to the eighth node and removing one
meter from the nodes by the seventh iteration. The branch power flow uncertainties obtained in these
tests are shown in Figure 12. As can be seen, some of the selected cases with seven meters satisfy the
10% threshold but none of them has a lower mean value of uncertainty in the whole network than
that found for the optimal seven-meter solution. This is demonstrated by the Fi index found for each
case, reported in Table 6. As can be seen, none of the cases allows the obtainment of a lower value
of the Fi index with respect to that found for the seventh iteration, thus confirming the optimality of
the solution.Energies 2019, 12, x FOR PEER REVIEW 15 of 18 
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6. Conclusions
This paper proposes a new IHMP method to locate PMs for SE purposes in radial distribution
systems. In more detail, the proposed approach is focused on branch power flow estimation, and it
allows the determination of the minimum number and best position of load power meters in order to
achieve a target accuracy in the branch power flow estimation. The proposed measurement technique
assumes that power meters are located in a limited number of nodes, whereas in the remaining
grid nodes the load powers are estimated as pseudo-measurements, with a given uncertainty. A
sensitivity index is defined, which takes into account the branch power flow uncertainty all over the
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network; this ensures that, at any branch, the power flow is evaluated with an uncertainty value below
a prefixed threshold.
The IHMP procedure was implemented for a backward/forward load flow algorithm proposed
by the authors, which allows the evaluation of MV branch power flows starting from LV load power
measurements. The integration of the proposed IHMP method with this load flow solution allows the
obtainment of an improvement in power flow estimation accuracy, with limited costs for PMs. In fact,
the proposed solution can be developed by using a low-cost measurement infrastructure that exploits
PMs at LV level instead of those at MV level. The proposed method was implemented and tested in
real case of the MV radial distribution network of the Island of Ustica, under different load conditions.
The obtained results confirm that the method is useful to find the measurement configuration that
guarantees a low uncertainty all over the network. In the case under study, the proposed meter
placement procedure ensures an adequate power flow uncertainty level when PMs are installed in
about half of the grid nodes.
The proposed IHMP technique is incremental, thus it allows not only for the best measurement
configuration to be found in a new distribution network, but also allows the determination of how to
obtain an enhancement of an existing measurement configuration. Both applications can be of practical
interest for DSOs, as they may be interested in either installing a new measurement infrastructure or
enhancing an already owned one. In both cases, the possibility of using measurements at LV level
can increase the cost-effectiveness of the measurement infrastructure. In fact, thanks to the use of LV
measurements instead of MV ones and the use of the proposed IHMP method, a good tradeoff can be
reached between low cost and accuracy: the cost is reduced because of the choice to install PMs at the
low-voltage side of the power transformer, while the IHMP technique allows suitable PM placement in
order to obtain the target estimation accuracy.
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